This short paper proposes a non-parametric method of accounting for the distribution of background characteristics when testing for segregation in empirical studies. It is shown and exemplified-using data on workplace segregation between immigrants and natives in Sweden-how the method can be applied to correct any measure of segregation for differences between groups in the distribution of covariates by means of simulation, and how analytical results can be used when studying segregation by means of peer group exposure.
Introduction
The concept of segregation aims to capture systematic sorting over units (neighborhoods, schools or workplaces) by individuals belonging to different groups. In the vast literature, empirical studies have been accompanied by methodological work investigating properties of various measures of segregation.
1 One aspect that has received little attention, however, is how to account for the fact that part of the segregation along the dimension of primary interest (e.g.
gender or race) may be caused by sorting according to other dimensions, such as educational attainment. A straightforward parallel is wage regressions where one wishes to isolate differences across groups that cannot be explained by differences in other observed characteristics. 2 This paper presents a non-parametric method accounting for the distribution of such underlying characteristics. The method can be used to adjust any measure of segregation for differences between groups in the distribution of underlying covariates. It can also serve as the basis of analytical tests for segregation conditional on the distribution of covariates when using exposure as the indicator of segregation. We first present and discuss the methods, and then illustrate them using data on ethnic workplace segregation in Sweden.
The general case
One peculiarity in the literature on segregation is that most traditionally used measures such as the Duncan index and the Gini coefficient (see Massey and Denton (1988) for definitions) refer to a completely even distribution as the baseline-although segregation is arguably defined as the systematic sorting of individuals over units. As pointed out by Winship (1977) and more re-3 cently by Carrington and Troske (1997) , evenness will be a very misleading baseline if the units are small, so that there is a lot of random variation in the composition of different units. As a consequence researchers should instead compare actual measures of segregation, Z, to a comparable "expected" baseline, E(Z)-a baseline which can be derived by randomly allocating individuals over the actual units (e.g. workplaces) and calculating Z on the randomized data. As Carrington and Troske (1997) show, this may play a substantial role in actual data.
We propose to generalize this idea to account not only for the random variation, but also for variation which is driven by systematic differences in the distribution of underlying covariates.
As an illustration, assume that a population of N individuals is divided into two groups consisting of M immigrants and N-M natives, and that we are interested in whether these groups are segregated over workplaces. 3 To the extent that immigrants and natives differ in e.g. skills or residential allocation, this may affect their allocation over workplaces. Even though the origins of such differences are not necessarily independent of workplace segregation, studying segregation conditional on place of residence or observed skills will provide additional insights into the process at hand.
To fix ideas, think of a data-generating process where each individual has a set of characteristics, captured by a specific realization (x) of a vector X, and each job requires a certain realization of X. Thus, x-type individuals are only suitable for x-type jobs. The type is determined by characteristics such as where the workers live and their education. Define segregation conditional on X to occur if workers are non-randomly sorted given the predetermined allocation of different types as captured by different values of X among immigrants and natives.
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In order to find segregation conditional on the distribution of X we estimate, for each realization (x) of the vector X, the propensity p(x) of individuals holding jobs with characteristics x to be immigrants. As long as X contains discrete characteristics, p(x) may be estimated nonparametrically as the fraction of minority individuals:
(1)
Note that p(x) can be interpreted as the propensity of individuals holding jobs with characteristics x to be immigrants. As a consequence, p(x) could also be estimated as a "propensity score"
by postulating immigration status as some function of X along the lines of Rosenbaum and Rubin (1983) . 4 This alternative allows the researcher to include continuous covariates and may be useful if sample sizes are small. However, since this would require the use of a parametric function in order to balance the X:s, it would be somewhat more restrictive 5 and would also require diagnostics for whether the X:s really are balanced. For this reason, and in the interest of brevity, we choose to only illustrate the non-parametric version in this paper.
The propensity equation (1) can be used to achieve a counterfactual distribution by randomly allocating minority status to individuals within each "cell" x, using a probability of being an immigrant equal to the fraction of immigrants in the cell as given by the equation. To be precise:
for each individual we allocate a continuous random variable ν, which is uniformly distributed between 0 and 1. Then we infer a counterfactual minority status q based on the relationship between ν and ) (x p using (1):
Then, we can calculate counterfactual measures of segregation E(Z|X) based on the distribution of q using any measure of segregation, and contrast it to the actual measure Z. Since replicated simulations provide measures of uncertainty, we also get tools for inference just as in the unconditional case discussed by Carrington and Troske (1997) . The comparison between actual and expected segregation can be quantified in many ways depending on the measure used. Here we choose to use a conditional version of the "index of systematic segregation" originally proposed for the unconditional case by Carrington and Troske (1997) :
The interpretation is that X Ẑ measures actual segregation as a fraction of the largest possible segregation conditional on the distribution of X. Empirical results using this index are presented in Table 1 in section 4.
The methodology presented above is applicable to any measure of segregation. Moreover, the methodology can be used to condition on any number of characteristics and all types of (discrete) characteristics, either unit based and/or individual based (i.e. some or all characteristics may vary within units).
Although the exposition above is limited to a two-group case (minority vs. not minority), it is straightforward to generalize the logic to multi-group cases by making both the propensity equation (1) and the assignment equation (2) 
A special case with analytical results
Even though the general method presented in the previous section is powerful and generally applicable, a drawback is that the analysis requires simulations. It is however possible to derive tests for segregation analytically by using a measure of peer exposure. This measure is a slightly modified version of the index of isolation, and has been used in previous studies. As a statistic of segregation, peer exposure carries the virtue of intuitive economic meaning. It also highlights the link between segregation and social interactions by explicitly capturing an individual's contacts with others of certain characteristics. 7 However, as concluded by Massey and Denton (1988) , different indices capture different aspects of segregation, suggesting that the choice of index may depend on the empirical question. Also, peer exposure does not have all the desired properties of a segregation measure given by Hutchens (2004) . 8 We do thus not argue that peer exposure is generally ideal or superior to other measures, but that it has nice analytical and interpretational properties useful in many economic settings.
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To outline a test of segregation based on exposure, assume as before that a population of N individuals is divided into two groups consisting of M immigrants and N-M natives, and that we are interested in whether these groups are sorted randomly over workplaces. If individuals were sorted randomly, each coworker of each worker would be of immigrant origin with a probability equal to M/N (if oneself is excluded). 9 This holds in expectation for all coworkers of each worker. Thus, immigrants and natives should (in a world without systematic sorting) on average have a share of immigrant coworkers equal to the fraction of immigrants in the population. This prediction can be tested directly, without simulations.
To make this definition precise, define individual i:s exposure (e) to immigrants as the fraction of immigrants among the coworkers:
where D is an immigrant dummy and n is the number of workers at workplace u. What (4) does is simply to sum the number of immigrants at workplace u among the coworkers of worker i (thereby u j ∈ and i j ≠ ), and then divide this by the number of coworkers. The average immigrant exposure among immigrant workers is retrieved by summing the observed individual exposure for all immigrants and dividing it by the total number of migrants: 9 Formally this is an approximation since it excludes oneself from both denominator and nominator for immigrants. Thus, an immigrant has expected exposure (M-1/N-1) whereas it is (M/N-1) for a native. It is trivial in all but tiny sample sizes. 8 Now, to calculate the "expected" exposure in the absence of segregation conditional on the distribution of covariates, let X i ε denote the average immigrant propensity among the colleagues of individual i, given the X-characteristics of the colleagues:
(6) differs from (4) in that is sums the expected rather than the actual number of immigrants.
Analogous to (5), we can compute average expected exposure among immigrants by:
We may write the null hypothesis of no segregation conditional on the distribution of X as:
If (8) holds, there is no segregation above what is driven by differences in background characteristics. It is worth noting that we have retained the non-parametric feature of the analysis and have thus not imposed any distributional assumptions on the relationship between the covariates and our segregation measure. No simulations are required since we simply compare the actual mean to the expected value, both of which are easily computed from data.
As already mentioned, there is an ongoing debate on which properties a measure of segregation should have, and which measure to use in different economic settings. Two recent examples in this strain are Hutchens (2004) and Echenique and Fryer (2005) . It is important to note that equation (8) is a prediction which should hold in a world without segregation conditional on the 9 distribution of X. Rejection of o H is therefore in itself proof of segregation, since it means that there is a systematic sorting of individuals over units. The issue is then how to quantify segregation, which-as indicated by the vivid debate-can be done in a countless number of ways.
One way to make the distance between actual and expected exposure meaningful is to use the index of systematic segregation defined in equation (3) above. Another is to compare the two proportions (the actual and expected propensity for a coworker of an immigrant to be an immigrant) as we would any other two proportions using e.g. odds ratios. The overexposure odds ratio may thus be defined as the ratio between the odds of actual and expected exposure:
The straightforward interpretation is that the odds of an actual immigrant having a certain colleague being an immigrant is X R times what it would have been if the distribution was random,
given the distribution of X. Table 2 in section 4 presents some empirical illustrations using this ratio.
Note that the advantages of these analytical results lie in the flexibility and convenience stemming from the fact that the measures are linear functions of individual based statistics. Since the proportions underlying both equations (8) and (9) Average own-group exposure is then given by
where the observed exposure to group g is first summed for all members of group g, then summed over all G immigrant groups, and then divided by M-the total number of individuals belonging to any of the G immigrant groups. Define also the expected exposure to group g
ε ) in the same way as in (5), but use instead the group-specific propensity
The expected average own-group exposure is computed as
Naturally, by altering the group to which individual exposure is measured, and by modifying over which groups the summations are made, the method can be applied to study "crossexposure" in various dimensions (e.g. between different ethnic groups with linguistic ties). This is illustrated in Table 2 in the following section where we separately analyze immigrants' exposure to "ethnic" peers and to other immigrants.
Illustrations
We here illustrate the methods using the example of ethnic workplace segregation in Sweden. Our data cover all Swedish establishments with at least 2 employees in year 2000, containing 3,457,951 individuals (whereof 9.83 percent are foreign-born) at 219,235 establishments. Each worker is characterized by location (289 municipalities), human capital (3 age groups (16-29, 30-49 and 50-65) , 7 education groups and gender) and industry (38 dummies).
12 Industry dummies can be seen as proxies for unobserved factors making some workers more suitable for jobs in certain industries.
We show two sets of results: (i) Table 1 provides simulation results of the index of systematic segregation based on four segregation measures: the commonly used Duncan and Gini coefficients, the by Hutchens (2004) proposed square root index, and peer exposure as defined by equation (4) above; (ii) Table 2 shows analytical results for the overexposure odds ratio.
Row (1) of Table 1 shows the actual levels of the different measures of workplace segregation in Sweden. As a first counterfactual, row (2) shows what their expected values would be in a world with unconditional random allocation. There is "evidence" of segregation also under random assignment, which highlights the argument for using randomness rather than evenness as the baseline. 13 The tiny dispersion between replications as captured by the standard deviation suggests that statistical uncertainty in the simulated distributions is not a concern in this application. The index of systematic segregation provided by the numbers in brackets varies substantially across the columns, but is very similar for the square root index and the measure of exposure.
Our primary interest here is in how the level of calculated ethnic segregation changes when we condition on different sets of background characteristics. Moving across rows in the respective 12 See Åslund and Skans (2005a) for details on the data. 13 In their application to US workplace data, Carrington and Troske (1997) report levels of segregation that are relatively similar to ours. Their actual level of the Duncan (Gini) index is 0.504 (0.605), the unconditional expected level is 0.337 (0.488), which gives system segregation of 0.251 (0.344).
columns of Table 1 illustrates this. Conditioning on human capital as measured by the interaction of gender, age and education (row (3)) has very little impact on the expected values (or on systematic segregation). While differences in human capital do not explain why immigrants and natives do not work together, more can be attributed to the geographic distribution (row (4)). In row (5) we combine human capital with municipality and again see very little extra effect from including human capital. Row (6) combines human capital, municipality and industry, which means that we compute the probability of being an immigrant given that you are e.g. a middle aged woman with upper secondary education, working in retail in a particular town. 14 The extent of systematic segregation is much lower in row (6) than in row (2), showing that controlling for covariates matters a great deal. However, actual and expected segregation are statistically and economically different from each other for all the four measures even in the most tightly specified model. Table 2 presents results using the analytical method described in section 3. One advantage of this approach is that it is easy to get results on exposure in various dimensions for subgroups of a population. We illustrate this by studying whether recently arrived (within 10 years) immigrants (panel A) differ from other immigrants (panel B) in their exposure to immigrants. We separately study exposure to "ethnic" peers as measured by region of origin 15 and to immigrants of other descent. In this case we choose to only contrast the actual distribution to the unconditional expectation and to the expectation conditional on the interaction of human capital, municipality and industry, i.e. the most extensive set of covariates.
Exposure to immigrants in general is displayed in column (i). As we see in the first rows of the two panels, recent immigrants exhibit higher actual immigrant exposure (27 percent) than other immigrants do (21 percent). As was the case in Table (1), statistical uncertainty is negligible. 14 Indeed, basing the analysis on such a large number of covariates gives a conservative measure of segregation that
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The unconditional expectation (rows 2) is by definition the same for the two groups. By including the covariates we can explain some, but not much, of the actual difference. As a consequence, the odds ratios of overexposure displayed in rows (3) are higher for recent immigrants (2.6) than for other immigrants (2.0).
Recent immigrants are on average from smaller immigrant groups which suggests that exposure to ethnic peers (column (ii)) would be smaller for this group in a world without segregation. This is reflected by the difference between the unconditional expectations in the two panels.
When covariates are included, part of this difference in expected exposure disappears, suggesting that the recently arrived more often work in "typical" immigrant locations and industries.
Similarly, in both panels the model explains more of the "ethnic" exposure than of the exposure to other groups, suggesting that the distribution of the underlying covariates explain systematic sorting between different immigrant groups.
A general message of Table ( 2) is that there is more overexposure to countrymen than to other immigrants among both recent and non-recent immigrants. However, statistically significant overexposure clearly exists in both dimensions (the expected exposure is in all cases well outside the confidence interval of the actual exposure). The results also suggest that recent immigrants are more overexposed to other immigrants (especially to their ethnic peers) than are nonrecent immigrants, even after controlling for human capital, place of residence, industrial affiliation and all interactions between these variables. This raises interesting questions regarding the role of ethnic contacts in the assimilation process; questions that have to be left for future research.
probably understates the true level of ethnic segregation, but makes the remaining amount more convincing. 15 See Åslund and Skans (2005b) for a list of the 26 regions available in the data.
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Summary
When studying segregation it is often desirable to purge the analysis of confounding factors in order to, e.g., identify racial segregation that cannot be attributed to differences in background characteristics such as educational attainment. This short paper describes a method of conditioning on covariates when testing for segregation. We show that this method can be applied to any measure of segregation. We further show that with an index of peer exposure we can test analytically for segregation conditional on the distribution of covariates. This index is well-defined at the individual level, which makes it possible to study how the tendency for segregation varies between individuals, and how various groups are sorted relative to each other.
The empirical illustrations show that accounting for covariates has a strong impact on the estimated level of segregation. Nevertheless, substantial workplace segregation between immigrants and natives remains after controlling for a very rich set of background characteristics. Using the analytical methods we also show that the tendency for segregation is higher among recent immigrants and that there is more excess segregation-also conditional on covariatestowards ethnic peers than towards other immigrants. (2). Standard deviations describe the dispersion between these replications. Index of systematic segregation is defined in equation (3). Definitions of the Gini and Duncan index can be found in Massey and Denton (1988) , the square root index is according to Hutchens (2004) , exposure is defined in equation (5). Human capital is captured by gender, age (3 dummies) and education (7 dummies). Data include 289 municipalities and 38 industry dummies. All variables are completely interacted in all models. Calculations are based on all (3,457,951) Swedish employees in 2000, employed in one of 219,235 plants which have more than one employee. There are in total 340,041 employed immigrants in the data, whereof 95,555 are "recent". Standard errors in parentheses are cluster-corrected for dependencies within workplaces. "Ethnic peer exposure" refers to immigrants born in the same (out of 26) region -"exposure to other immigrants" refers to exposure to immigrants born in any other part of the world. *Conditional expectation is calculated for the interaction between gender, age (3 dummies), education (7), municipality (289) and industry (38).
